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Abstract

Can quantum computing meaningfully impact biology and health in the near term? This ques-
tion lies at the core of Wellcome Leap’s Q4Bio program and motivates the need to define what
constitutes useful quantum advantage for real-world applications. Here, we introduce a frame-
work based on three simultaneous requirements: executability on current hardware, relevance to
biologically meaningful systems, and validation against state-of-the-art classical methods under
realistic resource assumptions. We instantiate this framework in photodynamic therapy (PDT),
a clinically relevant application that exposes a clear computational bottleneck in excited-state
electronic structure. Algorithmiq’s approach combines scalable circuit construction driven by
Majorana Propagation, efficient measurement protocols, and a hybrid post-processing method,
quantum boosted density matrix renormalization group (QB-DMRG), which integrates quantum-
generated data into tensor-network optimization. We validate this approach with hardware runs
up to 100 qubits on ibm_cleveland. We demonstrate that this pipeline can enhance DMRG, a
leading classical electronic-structure method, by enabling comparable or improved accuracy at
significantly reduced bond dimension.

1 Executive Summary The first condition is executability on cur-
rent hardware. Within Q4Bio, this required
methods that remain compatible with noisy,
resource-constrained quantum devices rather
than assuming fault-tolerant hardware, while si-
multaneously guaranteeing that the algorithms
and methods scale as quantum devices become
larger and more performant. To address this,
Algorithmiq developed scalable approaches to
circuit construction together with measurement
strategies that make it possible to extract useful
information from realistic hardware under finite

depth and finite sampling budgets.

The mission of Wellcome Leap Q4Bio pro-
gram was to identify health-relevant applica-
tions where emerging quantum hardware can
begin to shift practical limits, and to co-develop
the algorithms and workflows required to real-
ize that impact. Despite substantial progress,
it has to date remained unclear what would
constitute such an impact in practice. In this
perspective, we introduce a framework for as-
sessing useful quantum advantage based on the
simultaneous satisfaction of three conditions:

executability on near term and fault tolerant
hardware, relevance to biologically meaningful
systems, and validation against state-of-the-art
classical methods under fair resource assump-
tions. Satisfying any one of these in isolation
is not sufficient, and progress along individual
dimensions can give the appearance of advance-
ment without addressing the underlying compu-
tational bottleneck.

The second condition is relevance to biolog-
ically meaningful systems. For this, we use
the simulation of drug candidates for photody-
namic therapy (PDT) as a representative bench-
mark. PDT is not chosen because it is nar-
rowly specific, but because it provides a particu-
larly clear and demanding instance of a broader
health-relevant computational bottleneck. De-
signing improved photosensitizers requires pre-



dictive access to excited-state electronic struc-
ture in chemically realistic systems, precisely
where classical approaches become unreliable
or prohibitively expensive and where the de-
sign loop reverts to empirical exploration. This
makes PDT a natural setting in which to test
whether quantum methods can address a real
bottleneck rather than a simplified proxy.

The third condition is validation of any
quantum advantage claims against state-of-the-
art classical methods. Within Q4Bio, this
meant building a framework in which quan-
tum resources are assessed directly against the
strongest available classical approaches under
fair assumptions. In our case, this led to the
development by Algorithmiq of a hybrid work-
flow centered on boosting DMRG, the leading
tensor-network method for strongly correlated
electronic structure [1-6]. The goal was there-
fore not merely to produce quantum outputs
competitive with classical methods, but to de-
termine whether quantum hardware can provide
samples that can be used to improve the best
classical chemistry methods in regimes relevant
to the application.

Taken together, these elements define an
end-to-end, hardware-in-the-loop framework for
assessing useful quantum advantage in prac-
tice. Within this framework, we find first ev-
idence that quantum hardware resources can
boost state-of-the-art classical chemistry meth-
ods, providing information that improves over
standard DMRG under matched classical re-
source constraints at system sizes accessible on
today’s hardware. More broadly, this work
argues that useful quantum advantage is not
demonstrated by isolated components, but by
bringing executability, relevance, and rigorous
validation together in a single coherent work-
flow.

2 The Bio-Problem: Pho-
todynamic Therapy and
the Photosensitizer De-
sign Bottleneck

PDT, as sketched in Figure [I} is a clinically
approved treatment in which a photosensitizer
(PS) is activated by light to generate reactive
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Figure 1: Photodynamic Therapy (PDT) is a tar-
geted, minimally invasive medical treatment that
uses a light-activated drug to selectively destroy dis-
eased (cancerous) cells. Upon uptake of a photosen-
sitizer, a drug that remains inactive until exposed
to light, the drug naturally accumulates more in
diseased or rapidly dividing cells. A specific wave-
length of light is then directed to the affected area.
When activated, the drug produces reactive oxygen
species (ROS) that kill targeted cells while spar-
ing surrounding tissue. This “light-triggered chem-
istry” naturally gives PDT its precision and low
systemic toxicity.

chemical species at a precisely defined location
and time [7]. This mode of action distinguishes
PDT fundamentally from systemic therapies,
such as chemotherapy, that expose the entire
body to cytotoxic agents and are often associ-
ated with severe acute toxicity as well as long-
term side effects that can persist for years af-
ter treatment. These effects include organ dam-
age, secondary malignancies, immune dysfunc-
tion, and long-lasting reductions in quality of
life. By confining cytotoxic chemistry to illu-
minated tissue, PDT offers a therapeutic strat-
egy that can, in principle, achieve effective tu-
mor control while avoiding many of the short-
and long-term harms inherent to systemic treat-
ment [8].

Because of this spatial and temporal control,
PDT has the potential to support a broader
therapeutic role than localized tumor ablation
alone. It can be combined with surgery to target
residual disease at resection margins, and with
imaging modalities that guide light delivery and
treatment planning in real time, enabling highly



precise, image-guided intervention [9]. In addi-
tion, PDT has been shown to induce immuno-
genic cell death and to modulate the tumor mi-
croenvironment in ways that can stimulate anti-
tumor immune responses, opening opportuni-
ties for combination with immunotherapy and
for systemic benefit beyond the illuminated re-
gion [10]. In this sense, PDT offers a rare con-
vergence of localized physical control and bio-
logically meaningful immune engagement.

Despite its clinical promise, the broader im-
pact of photodynamic therapy has remained
limited. The main obstacle has not been the
therapeutic concept itself, but the lack of photo-
sensitizers whose behavior can be predicted and
optimized reliably. Most PDT agents currently
used in the clinic are based on chemical scaf-
folds identified several decades ago, and in more
than twenty years there have been very few fun-
damentally new photosensitizers adopted into
routine clinical practice. This stagnation re-
flects a persistent difficulty in translating chem-
ical innovation into predictable therapeutic per-
formance.

At its core, PDT is governed by a sequence of
electronic processes which we summarize in Fig-
ure [2l Upon light absorption, a photosensitizer
is promoted to an excited singlet state, which
may undergo intersystem crossing to form long-
lived triplet states. These triplet states drive the
chemical reactions responsible for therapeutic
action, either through energy transfer to molec-
ular oxygen to generate singlet oxygen (Type
IT pathways) or through electron-transfer reac-
tions that produce radical species (Type I path-
ways) [11,/12]. The efficiency, selectivity, and
robustness of these processes are determined by
the electronic structure of the photosensitizer,
in particular by the relative energies, couplings,
and character of low-lying excited states. For
example, the probability of the absorption and
ISC processes, respectively, is directly propor-
tional to the magnitude of the transition dipole
moment [i.;, and the spin-orbit coupling (SOC)
matrix element (S| Hsoc |T") between the sin-
glet and triplet states in question. Hence these
processes effectively steer how efficiently a pho-
tosensitizer can be activated by light and how
the latter triggers distinct therapeutic pathways
under different tissue conditions.

The promise of PDT lies in the possibil-
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Figure 2: llustration of the key photophysical pro-
cesses that determine PDT performance. The low-
est singlet and triplet states Sp, S1, and 17 are the
key players in the photophysical processes of light
absorption, intersystem crossing, and the genera-
tion of either singlet oxygen or radical species.

ity of engineering photosensitizers whose elec-
tronic properties are tuned to their biological
context. In an ideal scenario, photosensitizers
could be designed to respond selectively to lo-
cal oxygen concentration, redox environment,
or tissue-specific conditions, enabling thera-
pies that adapt to the physiological landscape
rather than acting uniformly. Achieving such
control requires predictive access to excited-
state energies, spin-state structure, transition
strengths, and redox properties across entire
families of related compounds, not just for iso-
lated molecules.

In practice, this level of predictive control has
proven elusive. For clinically relevant photo-
sensitizers—particularly transition-metal com-
plexes and extended conjugated systems—the
electronic structure is strongly correlated and
often near-degenerate. In this regime, small in-
accuracies in computed excited-state energies or
state ordering can lead to qualitatively incorrect
predictions of triplet yield, intersystem cross-
ing efficiency, or dominant reaction pathways.
As a result, many standard electronic-structure
methods become unreliable, while more accu-
rate approaches quickly become computation-
ally prohibitive as system size grows.

Consequently, PDT drug discovery remains
largely empirical [13]. Optimization proceeds
through slow, trial-and-error modification of
molecular scaffolds, guided by limited exper-
imental feedback rather than by predictive,
transferable design principles. This empirical
approach is fundamentally misaligned with the
complexity of the underlying physics: the ther-
apeutic outcome is set by subtle balances be-
tween excited-state energetics, spin conversion
pathways, and redox processes that cannot be



tuned reliably without quantitative electronic-
structure insight. The result is a development
pipeline that advances incrementally, despite
the existence of a therapeutic concept capable,
in principle, of far greater precision and selec-
tivity.

This stands in stark contrast to the level
of molecular optimization achieved by bio-
logical systems, where function emerges from
finely tuned electronic and structural interac-
tions shaped by evolution and continuously re-
fined by environmental feedback [14]. Bridging
this gap—moving from empirical exploration to
predictive, mechanism-driven design—requires
electronic-structure methods that can accu-
rately resolve strongly correlated excited states
while remaining scalable to chemically realistic
systems. Such methods must not only repro-
duce individual molecular properties, but enable
systematic optimization across families of com-
pounds, reflecting the way biological systems
adapt function at the molecular level.

Within the Q4Bio program, we therefore
treated PDT not as a downstream application of
quantum chemistry, but as a defining challenge
that exposes the fundamental limits of current
computational approaches. Our objective was
not to showcase isolated quantum algorithms or
chemically inspired toy models, but to construct
an end-to-end computational pipeline capable of
delivering the excited-state and spin-resolved in-
formation required for PDT-relevant decision-
making. In this sense, PDT serves simultane-
ously as a concrete biomedical target and as a
stringent benchmark for what it would mean to
optimize drugs at a level approaching the adapt-
ability, specificity, and efficiency of biological
systems themselves.

3 Why Tech-
niques Have Not Been
Adequate

Classical

The classical toolbox for excited-state electronic
structure is well-stocked [15], but the require-
ments imposed by PDT push excited-state ap-
proaches into regimes where their limitations
become decisive. PDT demands reliable ac-
cess to multiple low-lying excited states, ac-

curate singlet—triplet energetics, and state-to-
state properties for molecules containing transi-
tion metals, whose electronic structure is often
strongly correlated and sensitive to small per-
turbations. It is precisely this combination of
accuracy, complexity, and scale that pose a chal-
lenge for classical excited-state electronic struc-
ture approaches.

At the lower end of the accuracy—cost spec-
trum, mean-field approaches such as density
functional theory and time-dependent density
functional theory offer favorable computational
scaling but are known to be unreliable for many
PDT-relevant use-case applications [15]. For
photosensitizers containing transition metals or
extended conjugated ligands, small errors in
excited-state energies or state ordering can lead
to qualitatively incorrect predictions of relevant
chemistry. As a result, these approaches cannot
be relied upon as predictive design tools in the
regimes that matter most for PDT.

By contrast, more systematic (multiconfigu-
rational) wavefunction-based methods offer im-
proved accuracy by explicitly capturing elec-
tronic correlation, but at the cost of rapidly in-
creasing computational expense. As the active
orbital space required to qualitatively describe
the correlated excited states grows, the scaling
of these methods becomes prohibitive. This lim-
itation is especially acute for PDT, where the
relevant observables are not restricted to a sin-
gle ground state but span entire manifolds of
excited singlet and triplet states.

Tensor network methods, most notably
DMRG, have significantly extended the reach
of classical computation for strongly correlated
systems [16},/17] and hence serve as indispens-
able benchmarks for our work. However, their
favorable scaling relies on controlling entangle-
ment through a so-called finite bond dimension
X. As active orbital spaces grow larger and
excited-state manifolds become more entangled,
the bond dimension required for an accurate
representation increases rapidly, leading to steep
computational costs.

A concrete illustration of these limitations is
provided by the photosensitizer TLD1433 (Fig-
ure [3]), which we have used as a benchmark sys-
tem throughout the Q4Bio project due to its
clinical relevance [13}/18-20]. Its extended con-
jugation and metal-ligand structure give rise



to a manifold of low-lying singlet and triplet
states with significant multi-reference character.
State-of-the-art DMRG calculations show that
the bond dimension required to reach chemical
accuracy grows rapidly with active space size
(Figure [4)), exhibiting a steep increase within a
relevant active orbital space range until finite-
size effects kick in. This reflects the increas-
ing entanglement in the system and implies
substantially growing computational cost for
molecules of this kind. More importantly, this
behavior is not expected to represent a worst-
case scenario: as suggested by the shaded region
in Figure[d photosensitizers with increased con-
jugation or stronger correlation effects are likely
to exhibit a delayed onset of finite-size effects
and a prolonged unfavorable scaling regime,
pushing classical methods further into compu-
tationally intractable territory.

Figure 3: Molecular structure of TLD1433, a
Ru(II)-based photosensitizer (Ruvidar ) developed
for photodynamic therapy (PDT), currently under
clinical evaluation in a Phase II study for Bacillus

Calmette—Guérin (BCG)-unresponsive non-muscle
invasive bladder cancer (NMIBC).

The consequence of these limitations is that
classical electronic-structure methods do not
support the iterative design loop required for
PDT drug discovery. In principle, one would like
to propose candidate photosensitizer structures,
predict their excited-state and redox properties
with sufficient accuracy to guide chemical mod-
ification, and iterate efficiently across families
of compounds. In practice, when the available
computational tools are either unreliable in the
relevant electronic regime or too expensive to
deploy at scale, this rational design loop breaks
down. PDT development therefore reverts to
empirical exploration, with computational mod-
eling playing at best a qualitative or retrospec-
tive role rather than serving as a predictive en-
gine.
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Figure 4: Bond dimension required for DMRG
simulations of the Sy electronic ground state of
TLD1433 as a function of a given active orbital
space comprising a corresponding number of qubits.
The shaded region indicates a projected scaling
regime for related photosensitizers with extended
conjugation or stronger correlation effects. In such
systems, the onset of finite-size effects is expected
to occur at larger active space sizes, leading to a
prolonged unfavorable growth of the required bond
dimension.

4 How Quantum Comput-
ing Can Change PDT
Discovery

PDT-relevant photosensitizers often sit in a
regime of electronic structure that is governed
by strong correlation and near-degeneracies be-
tween low-lying states. Quantum computers
are well suited to this setting because they
can represent many-body electronic states faith-
fully, without relying, for example, on approx-
imations that tend to break down for classi-
cal mean-field approaches when multiple cor-
related states compete within a narrow energy
window. For PDT, this matters because the de-
sign quantities of interest—excited-state ener-
gies, singlet—triplet splittings, and the structure
of the low-lying manifolds that determine triplet
yield and reactivity—are exactly the quantities
that become most sensitive to (strong) correla-
tion effects [21,22].

The usefulness of quantum computing for
PDT also depends on the development time-
line of the hardware. Fault-tolerant quantum
computers are expected to enable high-precision
chemistry calculations, but the scale of error
correction required for realistic excited-state



problems remains beyond current devices. The
Wellcome Leap Q4Bio program was explicitly
designed around this reality: it was focused on
identifying, developing, and demonstrating bi-
ology and health applications that can bene-
fit from the quantum computers expected to
emerge in the three to five years following the
beginning of the program in mid 2023, and on
co-developing health applications together with
new quantum computing algorithms that en-
able early optimization with emerging hardware
systems. In this near-term setting, the central
question is not whether fault tolerance will even-
tually solve chemistry, but what can be achieved
in the coming years with noisy devices, limited
circuit depth, and finite measurement budgets.

A practical PDT pipeline requires improve-
ments across several parts of the stack. Circuit
preparation must generate correlated reference
states while remaining shallow enough to exe-
cute. Measurement must be efficient enough
to estimate chemical Hamiltonians with con-
trolled statistical error. Noise must be han-
dled in a way that preserves quantitative ac-
curacy, rather than only improving qualitative
trends. These requirements are coupled:
creasing circuit expressivity is not helpful if
measurement cost dominates, and a sophisti-
cated estimator cannot recover accuracy if the
quantum signal is overwhelmed by device errors.
A workable approach therefore depends on co-
design across state preparation, measurement,
and post-processing.

n-

Even in the fault-tolerant regime, the effi-
ciency of quantum phase estimation (QPE) is
fundamentally limited by the quality of the ini-
tial state. QPE requires input states with non-
negligible overlap with the target eigenstate,
and if this overlap becomes exponentially small
with system size—a phenomenon often referred
to as the orthogonality catastrophe—the number
of repetitions required for success grows expo-
nentially, eliminating any practical advantage.
In this sense, state preparation is not a periph-
eral step, but a central bottleneck that deter-
mines whether QPE can be used efficiently for
chemistry. Our results indicate that chemically
relevant states can be prepared with circuits
whose size grows only polynomially while main-
taining significant overlap with the target state.
This provides evidence that the orthogonality

catastrophe can be avoided in this setting, es-
tablishing a viable path toward efficient fault-
tolerant quantum simulation.

It is also important to be clear-sighted about
what quantum computing does and does not
have the potential to change. Even when quan-
tum hardware reaches regimes where it can ac-
curately represent electronic states that are be-
yond exact classical limits, chemistry calcula-
tions will not become instantaneous. For exam-
ple, while near-term simulations are limited by
device and sampling noise, fault-tolerant simu-
lations will be limited by algorithmic depth and
the cost of logical operations. Hence, quantum
computing expands the set of tractable prob-
lems, but accurate electronic-structure predic-
tion remains computationally demanding.

For PDT discovery, this implies that quantum
chemistry will be a high-value component of a
broader workflow rather than a high-throughput
screening tool on its own. The most practical
route to impact is to integrate quantum sim-
ulation with Al-driven discovery pipelines that
can explore chemical space efficiently, identify
promising regions, and allocate expensive quan-
tum calculations to the candidates and prop-
erties where they provide the most informa-
tion [23]. In this setting, quantum computing
provides access to the correct correlated physics,
and Al provides the scale required to turn that
physics into an iterative design process.

5 Q4Bio: Working To-
ward Practical Quantum
Advantage Under Con-
straints of Current Hard-
ware

Wellcome Leap’s Q4Bio program set a clear ex-
pectation: the goal was to identify biology and
health applications that could plausibly bene-
fit from the quantum computers expected to
emerge in the three to five years following the
beginning of the project, and to co-develop the
algorithms required to make such early opti-
mizations possible. This framing shaped our
work from the start. We selected PDT be-
cause it is clinically relevant, because it ex-



poses a concrete and well-known computational
bottleneck in excited-state electronic structure,
and because it naturally connects to a discovery
workflow in which predictive simulation could
directly accelerate photosensitizer design.

This choice immediately defined the kind of
team and working style required. From the out-
set, our objective was to run large-scale experi-
ments on real quantum hardware, and our prior
experience with hardware made it clear that al-
gorithms cannot be developed in a vacuum. The
near-term quantum devices available today are
noisy, heterogeneous, and far from standardized.
As a result, methods that look promising in sim-
ulation can behave unexpectedly once compila-
tion constraints, calibration drift, correlated er-
rors, and device-specific idiosyncrasies are taken
into account. For this reason, our development
process was built around a continuous feedback
loop between algorithm design, full-stack simu-
lation, and execution on available hardware. We
repeatedly tested the complete pipeline end to
end, identified the true bottlenecks in practice
rather than in theory, and iterated accordingly.

This workflow also depended on being in
constant contact with specialists working on
the real biomedical and chemical bottlenecks
that motivate the problem. Collaboration with
Cleveland Clinic was particularly important in
this regard. Their perspective helped ensure
that our choices of target systems, observables,
and performance criteria remained anchored in
the requirements of clinically meaningful PDT
design, rather than drifting toward abstract
benchmarks. Just as importantly, this close con-
nection enabled us to engage directly with ex-
perts who have dedicated their careers to dis-
covering and developing novel photosensitizers,
and to shape our technical roadmap around the
concrete obstacles they face in day-to-day dis-
covery work. This continuous feedback from
domain specialists was essential for keeping the
program aligned with the real design bottleneck
and for steering our efforts toward methods that
can genuinely shift what is possible in practice.

A second guiding principle was to avoid the
common compromise of reducing chemical com-
plexity in order to fit within near-term hardware
constraints. In quantum chemistry, it is tempt-
ing to switch to toy Hamiltonians, minimal ba-
sis sets, or problem instances that are easy to

run but do not capture the features that make
the target chemistry difficult. We did not adopt
this approach. Throughout Q4Bio, we focused
on chemically non-trivial systems and realistic
active spaces that preserve the key physics rel-
evant to PDT, even when this made experi-
ments harder. This decision ensured that each
methodological advance translated into progress
on the real problem, rather than on simplified
proxies.

A third principle was to hold ourselves to a
standard of fair comparison. In a fast-moving
field, it is easy to report progress against ei-
ther weak baselines or classical methods that are
not competitive for the problem at hand. From
the beginning, we benchmarked against the
strongest classical techniques available for the
relevant physics, including high-quality tensor-
network reference calculations, and we eval-
uated quantum workflows under resource as-
sumptions that reflect what can realistically be
executed on hardware. This high bar shaped
both the technical direction of the work and
the interpretation of results: success was defined
not by outperforming a convenient baseline, but
by making measurable progress against the best
methods that currently exist.

These three requirements, hardware exe-
cutability, chemical relevance, and fair compar-
ison, are not independent. Neglecting any one
of them can produce results that appear encour-
aging but do not translate into progress on the
real PDT bottleneck.

Finally, the need for continuous end-to-end
testing made access to reliable hardware re-
sources a practical requirement, not an af-
terthought. For our purposes, IBM’s quan-
tum hardware ecosystem was the most natu-
ral choice. In addition to offering some of the
best available systems in terms of error rates
and sampling throughput, IBM provides access
to a large number of devices through the cloud.
This breadth was critical for running rigorous
test loops of the full pipeline, for validating that
improvements were robust across hardware in-
stances, and for exposing failure modes that
only appear when moving from idealized sim-
ulation to real-device execution.
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The Lotus of Useful Quantum Advantage

Although unconventional in this context, we use the metaphor of a lotus flower to describe a
meaningful attempt toward useful quantum advantage. The inner petals represent three conditions
that must be satisfied simultaneously: executability on current hardware, relevance to real-world
biologically meaningful chemistry, and validation against state-of-the-art classical methods under
fair resource assumptions. Each of these can be achieved in isolation, and significant effort has
gone into advancing them individually, but none is sufficient on its own, and progress along any
single dimension does not guarantee meaningful overall progress.

The outer petals represent deployment, integration, and scaling. These are essential for translating
advances into practice and can be systematically engineered, often leading to systems that appear
complete and compelling. However, it is possible to build such systems while avoiding the central
challenge. These efforts may look polished and convincing, yet remain at the level of structure
and presentation, without advancing the field toward useful quantum advantage.

The central challenge lies in the center of the lotus, where the three conditions come together.
Demonstrating this convergence is the difficult step, as it requires satisfying all constraints
simultaneously within a single coherent approach.

In a real lotus, the central structure contains the seeds that enable new flowers to grow. In the
same spirit, we view this core as generative, capable of supporting multiple applications once
established.

6 State of the Art at the
Start of Q4Bio

At the beginning of Q4Bio, it was clear
that PDT-relevant chemistry would be more
demanding than the ground-state problems
that dominated many early quantum chemistry
demonstrations on quantum computers. The
key observables in PDT depend on low-lying

excited-state manifolds, singlet—triplet struc-
ture, and spin-dependent pathways, and these
requirements are inherently more complex than
computing a single ground-state energy. At
the same time, it was not obvious from the
outset where the true computational boundary
lay. In particular, while classical methods could
be pushed remarkably far for many ground-
state problems, it remained an open and prac-



tically important question whether transition-
metal complexes relevant for PDT would be-
come genuinely difficult even for the most com-
petitive classical techniques, including tensor-
network approaches such as DMRG. Establish-
ing this difficulty was therefore part of what
needed to be verified rather than assumed.

Against this background, quantum comput-
ing offered a fundamentally different represen-
tation of correlated electronic structure by en-
coding the many-body wavefunction directly on
qubits. In principle, this created a route to
treat strongly correlated regimes that challenge
classical approximations. However, at the start
of Q4Bio, quantum chemistry calculations on
real hardware remained limited to small chemi-
cal instances and tightly constrained workflows.
The main barrier was not a lack of proposed
algorithms, but the inability to execute them
at meaningful chemical scale while maintaining
physical relevance and quantitative reliability.
This gap was especially consequential for PDT,
because the need to resolve multiple low-lying
states amplified every hardware limitation com-
pared to ground-state-only tasks.

Three bottlenecks dominated quantum chem-
istry calculations on hardware at that stage.
The first was state preparation. Circuits expres-
sive enough to capture multi-reference charac-
ter and strongly correlated manifolds typically
became too deep to run reliably on noisy de-
vices, particularly when targeting not a single
state but a structured set of low-lying singlets
and triplets. Hardware-efficient ansatze reduced
depth, but often at the cost of chemical struc-
ture and controllability, leading to optimization
landscapes that were difficult to navigate and re-
sults that were not robust across related molec-
ular systems.

The second bottleneck was measurement.
Even when a correlated state could be prepared,
extracting chemically meaningful quantities re-
quired estimating expectation values of Hamil-
tonians with number of terms scaling fast as
the system sizes increased. Shot requirements
grew quickly as the number of measured opera-
tors increased and as statistical error targets be-
came tighter. For PDT this measurement bur-
den compounded, because one needed not only
a ground-state energy but multiple excited-state
energies, gaps, and additional observables that

determine photophysical pathways. In practice,
measurement cost became a dominant limiter of
scale and accuracy long before the qubit count
itself became the primary obstacle.

The third bottleneck was not merely noise,
but the failure of conventional error-mitigation
strategies to scale to chemistry-grade accuracy.
A broad class of mitigation methods attempts
to reconstruct noiseless expectation values from
noisy measurements by learning or extrapolat-
ing a mapping from calibration circuits that re-
main classically simulable. For quantum chem-
istry, this is problematic for two distinct rea-
sons. First, the relation between noisy and
noiseless observables is generally unknown and
system dependent, so even the calibration stage
introduces systematic errors that are already
too large on the scale of millihartree accuracy.
Second, and more fundamentally, these meth-
ods suffer from an intrinsic scaling breakdown:
as circuit size and depth increase, noise expo-
nentially suppresses the physical signal, causing
noisy expectation values to concentrate into an
increasingly narrow numerical range, while the
finite-shot uncertainty does not shrink accord-
ingly. The relative size of the error bars there-
fore grows exponentially with system size, mak-
ing the inferred mapping increasingly unstable.
This problem has been shown to affect a broad
class of calibration-based mitigation methods,
including zero-noise extrapolation and related
approaches, and renders them fundamentally
incompatible with the accuracy requirements
of realistic electronic-structure simulations at
scale [24].

Taken together, these constraints meant that
at the outset of Q4Bio, quantum chemistry on
hardware was not limited by a single missing
ingredient, but by the absence of an end-to-end
workflow that balanced expressivity, executabil-
ity, measurement efficiency, and reliable infer-
ence from noisy data. Building such a workflow
was therefore a prerequisite for making PDT a
credible driver problem for near-term quantum
advantage.



7 Our PDT Pipeline To-
ward Practical Quantum
Advantage

We now describe the simulation pipeline devel-
oped by Algorithmiq and the scientific advances
that made it workable at chemically meaningful
scale. The central message is that PDT is not
unlocked by a single algorithmic breakthrough.
The bottleneck is end-to-end. One must pre-
pare accurate state-specific quantum circuits
for strongly correlated systems, extract energies
and state-resolved properties under severe mea-
surement constraints, and convert noisy hard-
ware outcomes into chemically meaningful pre-
dictions through post-processing that is both
statistically controlled and computationally effi-
cient. Each of these steps is difficult in isolation;
together they define a systems problem.

7.1 From PDT Requirements to
Quantum Circuits: Active
Spaces and State-Specific
Hamiltonians

Mapping PDT chemistry to a quantum com-
puter begins with a deceptively simple question:
what is the smallest electronic-structure prob-
lem that still contains the physics that makes a
photosensitizer work? A real PDT candidate is
a large molecule in a complex environment, but
the photophysics and photochemistry that de-
termine performance are governed by a compar-
atively small set of frontier orbitals and near-
degenerate electronic configurations. The role
of the mapping step is therefore not to “simplify
the molecule,” but to isolate the correlated elec-
tronic subspace that controls absorption, triplet
formation, and downstream reactivity, and then
express that subspace in a form that can be rep-
resented on qubits.

In practice this is done through an active-
space construction. The active space defines
which orbitals are treated explicitly as a cor-
related many-electron problem, while the re-
maining electrons provide an effective mean-
field background. For PDT photosensitizers,
the choice of active space is unusually de-
manding because the relevant states are not
only excited states but often strongly mixed

in character. A photosensitizer typically ab-
sorbs light through a singlet excitation that may
have metal-centered, ligand-centered, or charge-
transfer contributions, and then forms long-
lived triplet states that drive Type II or Type I
chemistry. Capturing this pathway requires an
active space that can represent both the opti-
cally accessible singlet manifold and the triplet
manifold, together with the configuration mix-
ing that connects them. For transition-metal
complexes this means that chemically meaning-
ful active spaces must simultaneously include
metal-centered orbitals and the ligand 7 /7* sys-
tem responsible for absorption and charge trans-
fer. This requirement pushes the problem be-
yond the small “toy” regimes where a single-
reference picture remains adequate, and it is
precisely this chemically forced complexity that
makes PDT a natural driver problem for quan-
tum simulation.

To address the active-space challenge in a sys-
tematic and reproducible way, Algorithmiq de-
veloped the AEGISS workflow (Atomic orbital
and Entropy-based Guided Inference for Space
Selection), which combines orbital entangle-
ment measures with chemical intuition to guide
active-space construction that is both physi-
cally meaningful and hardware-conscious [25].
Rather than relying purely on energy thresh-
olds or heuristic orbital lists, AEGISS uses a
combination of orbital entropies [26], chemical
locality, and diagnostic metrics to curate a set of
orbitals that are likely to contribute to the cor-
related physics of interest. This semi-automated
selection process produces active spaces that re-
main tractable (in qubit count) while preserving
the strong correlation effects that drive PDT be-
havior.

A second challenge is how to define and com-
pute the excited states themselves. In clas-
sical quantum chemistry, many methods ap-
proximate excited states as perturbations of a
ground-state [15,22], but such approaches can
fail when orbital relaxation and charge-transfer
character are strong. In Q4Bio we adopted a
state-specific A-based approach [27], in which
an initial state-specific reference is obtained for
each target (e.g. So, S1, T1) by promoting elec-
trons into a non-Aufbau configuration and op-
timizing the orbitals and determinants accord-
ingly, in the spirit of ASCF. The quantum vari-
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ational algorithm is then guided not toward the
global minimum of a single Hamiltonian but to-
ward the minimum of an effective Hamiltonian
corresponding to the target state. This state-
specific construction enforces state identity and
suppresses variational collapse, which is partic-
ularly important in dense spectra such as those
found in transition-metal systems.

Once an active space has been chosen and
state-specific references have been defined, the
mapping to a quantum computer becomes con-
crete. The electronic Hamiltonian restricted to
the active orbitals is written in second quanti-
zation and transformed into a qubit Hamilto-
nian via a fermion-to-qubit mapping. At that
point, the quantum device is asked to do a well-
defined task: prepare approximate eigenstates
of the active-space Hamiltonian and estimate
expectation values needed to recover energies
and properties. The key is that the excited-state
problem has been reformulated into a sequence
of state-specific quantum tasks, rather than a
single ground-state calculation with an uncer-
tain route to the excited manifold.

This mapping step is scientifically essen-
tial for PDT. The photophysical outcome can
change qualitatively under small changes in
state ordering: whether the molecule efficiently
populates a reactive triplet, whether charge-
transfer pathways dominate, and whether
redox-active channels become accessible all de-
pend on relative energetics at a resolution that is
unforgiving to uncontrolled approximations. By
combining chemically grounded active spaces
with a A-based state-specific construction such
as AADAPT-VQE, we obtain a mapping that
preserves state identity and remains aligned
with the real photosensitizer design bottleneck:
predicting and controlling the low-lying sin-
glet—triplet landscape that determines PDT per-
formance.

7.2 Circuit Generation: Scal-
able State Preparation Be-
yond Error Mitigation

For PDT relevant active spaces, the central chal-
lenge in circuit generation is not defining an
ansatz in principle, but constructing one that
is both expressive and executable under realis-
tic constraints. Early approaches to quantum

chemistry on near term devices focused on vari-
ational energy minimization combined with in-
creasingly sophisticated error mitigation tech-
niques. However, it has become clear that this
path does not scale. Error mitigation introduces
rapidly growing sampling overheads and insta-
bility as system size increases, making chemistry
grade accuracy unattainable in practice [24,2§].

In this work, we take a fundamentally dif-
ferent approach. Rather than attempting to
extract accurate energies directly from noisy
hardware, we focus on scalable state prepara-
tion. The goal is to construct quantum circuits
that prepare states with high overlap with the
true correlated solution, while remaining shal-
low enough to be executed reliably. This shift
is motivated both by near-term considerations
and by the requirements of fault-tolerant algo-
rithms. In particular, quantum phase estima-
tion relies critically on the availability of initial
states with non negligible overlap with the tar-
get eigenstate [29,30]. If this overlap decays ex-
ponentially with system size, the success prob-
ability becomes exponentially suppressed, lead-
ing to the orthogonality catastrophe [31].

Our key advance is the combination of
the ADAPT-VQE algorithm with Algorith-
miq’s Majorana Propagation, dubbed ADAPT-
VMPE [32]. Majorana Propagation |33] enables
scalable optimization of Fermionic quantum cir-
cuits using polynomial classical resources. It
evaluates expectation values of observables for
circuits composed of Fermionic operators with-
out simulating the full quantum state, instead
relying on low order expansions and a trun-
cation strategy with provable exponential er-
ror suppression. This allows the expensive in-
ner loop of adaptive circuit construction to be
carried out entirely classically, eliminating the
measurement bottleneck that limits standard
ADAPT-VQE workflows [34].

The resulting state preparation procedure
produces circuits whose size grows polynomi-
ally with system size. As shown in Figure [5]
the number of Fermionic operators required to
achieve fixed overlap with the ground state ex-
hibits approximately quadratic scaling across
the range of active spaces considered. Increasing
the target overlap from 70% to 85% leads only
to a modest increase in circuit size. This demon-
strates that high overlap states can be prepared
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without exponential growth in circuit resources,
directly addressing the initial state bottleneck
that limits both near term algorithms and quan-
tum phase estimation.
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Figure 5: Scaling of ADAPT-VMPE circuit size for
TLD1433 with increasing active space sizes. The
number of Fermionic operators required to reach
fixed overlap with the target state grows polyno-
mially. This favorable scaling implies polynomial
circuit depth after transpilation, since active rota-
tions can be absorbed into the Hamiltonian and do
not contribute to hardware depth.

This favorable scaling has two key conse-
quences. First, it shows that preparing chem-
ically relevant states does not inherently re-
quire exponentially large circuits, providing ev-
idence that the orthogonality catastrophe can
be avoided in practice for these systems. Sec-
ond, it enables the construction of circuits that
remain shallow enough to be executed on cur-
rent hardware, even at system sizes approach-
ing 100 qubits. In contrast to classical ten-
sor network methods such as DMRG, where
the required bond dimension grows rapidly with
entanglement, the quantum circuits produced
by ADAPT-VMPE maintain controlled depth
while capturing the relevant correlations.

It is important to emphasize that the goal of
this stage is not to produce chemically accurate
energies on quantum hardware. Instead, the ob-
jective is to prepare high quality quantum states
that can be sampled efficiently. These samples
contain information about correlated electronic
structure that is difficult to obtain classically,
even if individual expectation values are noisy.
By combining these samples with classical post-
processing techniques, such as tensor network

or configuration interaction methods [35]36],
we obtain a hybrid workflow in which quantum
hardware provides non classical input that en-
hances classical computation.

In this sense, the role of the quantum com-
puter is not to replace classical quantum chem-
istry, but to act as a generator of correlated sam-
ples that augment it. Majorana Propagation
and ADAPT-VMPE make this possible by re-
moving the circuit construction bottleneck, en-
abling the generation of large expressive circuits
with high overlap at polynomial cost. The re-
maining challenge is therefore not state prepara-
tion, but the extraction and integration of useful
information from quantum measurements.

7.3 Efficient
Schemes for
Grade Estimation

Measurement
Chemistry

Building on the previous section, where we
showed that high overlap quantum states can
be prepared efficiently, the role of measurement
in our pipeline is not to extract chemically ac-
curate energies directly from hardware. Instead,
the objective is to extract the most relevant in-
formation from these states in a form that can
be used effectively in downstream classical post
processing.

For quantum chemistry on quantum comput-
ers, measurement is often the dominant compu-
tational bottleneck [37]. The challenge is struc-
tural: electronic structure Hamiltonians contain
a large number of terms, and chemically mean-
ingful predictions require extremely high pre-
cision in expectation values. As a result, the
relevant cost is not a single circuit execution,
but the number of samples required to suppress
statistical uncertainty to chemically meaningful
levels.

A wide range of techniques has been devel-
oped to address this problem, including Hamil-
tonian structured measurements and random-
ized measurement protocols such as classical
shadows [38-40]. While these approaches can
reduce the number of measurement settings or
enable the estimation of many observables si-
multaneously, they do not fundamentally re-
solve the scaling problem. In particular, achiev-
ing chemistry grade precision for realistic sys-
tems typically requires a number of samples that
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grows rapidly with system size, making direct
energy estimation on hardware impractical.

Algorithmiq’s measurement framework is de-
signed around a different objective. Rather than
minimizing the variance of energy estimates in
isolation, we aim to maximize the usefulness
of the measurement data for downstream al-
gorithms. This leads to a measurement strat-
egy based on informationally complete data ac-
quisition [41] combined with variance optimiza-
tion targeted at physically relevant observables
[42-44].

The first ingredient is locally biased informa-
tionally complete, readout-error-aware measure-
ments [45]. Instead of sampling measurement
outcomes uniformly, we bias the measurement
distribution toward operators that contribute
most strongly to the target observables. This
concentrates sampling effort where it has the
largest impact on the extracted information con-
tent.

The second ingredient is dual optimization.
For a given informationally complete measure-
ment, one can construct estimators for observ-
ables through a choice of dual operators. While
many such choices exist, their statistical effi-
ciency can differ dramatically. By optimizing
the dual operators with respect to the Hamilto-
nian and measurement statistics, we obtain un-
biased estimators whose variance is reduced by
many orders of magnitude compared to stan-
dard reconstruction methods [42-44].

The impact of this approach is most clearly
seen in the scaling of the required sampling cost.
As shown in Figure[6], standard classical shadow
estimators require an astronomically large num-
ber of measurement shots to reach chemical pre-
cision for the TLD1433 Hamiltonian, far beyond
what can be achieved on current hardware. In
contrast, locally optimized dual estimators re-
duce the sampling cost by multiple orders of
magnitude. Increasing the degree of nonlocal-
ity in the dual reconstruction leads to a system-
atic reduction in variance, bringing the required
number of shots into a regime compatible with
realistic hardware execution times. Extrapo-
lations indicate reductions of up to 18 orders
of magnitude in shot requirements compared to
canonical shadow estimators [45].

Despite these improvements, we emphasize
that reaching chemistry grade precision in en-

ergy estimates on hardware remains impracti-
cal in the near term. Crucially, however, this
is not the goal of our pipeline. The purpose of
the measurement stage is to extract structured
information from the quantum state that can
be used as input to classical quantum chemistry
methods.

In this hybrid setting, the quantum processor
acts as a generator of correlated samples rather
than a standalone solver. Efficient measurement
protocols ensure that the most relevant informa-
tion is extracted from these samples with mini-
mal overhead, making them suitable for integra-
tion into downstream methods such as tensor
network optimization. The value of the quan-
tum device therefore lies not in producing final
observables directly, but in providing high qual-
ity data that enhances classical computation.

7.4 QB-DMRG: Post-Processing
as Variational Map Learning
on Quantum Data

Building on the previous stages of the pipeline,
where quantum hardware is used to prepare
high-overlap states and extract structured mea-
surement data, the role of post-processing is to
convert this information into lower-energy varia-
tional states within a controlled tensor-network
ansatz. In this final stage, we do not attempt
to reconstruct a noiseless quantum state or
compute chemically accurate energies directly
on hardware. Instead, quantum data is used
to enhance a classical variational optimization.
Algorithmiq’s Quantum Boosted DMRG (QB-
DMRG) implements this idea by learning a vari-
ational map acting on the measured state: given
an estimate obtained from informationally com-
plete measurements, it searches for a transfor-
mation that lowers the energy with respect to
the target Hamiltonian while remaining within
a fixed bond-dimension tensor-network ansatz.

This workflow is illustrated schematically in
Figure[7] A low-depth quantum circuit prepares
a correlated state that captures relevant struc-
ture of the problem but is not sufficiently accu-
rate on its own. Informationally complete mea-
surements produce a quasistate, i.e., an unbi-
ased finite-shot estimator of the quantum state,
which encodes this correlation structure. QB-
DMRG uses this quasistate as input to a tensor-
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Figure 6: Measurement cost scaling for the TLD1433 Hamiltonian. Standard classical shadow estimators
require an impractically large number of samples to reach chemical precision. Locally optimized dual
estimators reduce the sampling cost by many orders of magnitude. Increasing the degree of nonlocality
in the dual reconstruction leads to systematically improved variance reduction and enables practical

measurement costs for realistic systems.

network optimization, learning a transformation
that maps it to a lower-energy state’s quasis-
tate within the chosen variational class. The
advantage of this approach lies in the struc-
ture of the quantum reference state: even at
low depth, quantum circuits can generate en-
tanglement corresponding to an effective bond
dimension that grows exponentially with circuit
depth. While such states cannot be directly rep-
resented within a fixed bond-dimension ansatz,
their quasistates contain correlations that would
require a significantly larger bond dimension
to reproduce classically. QB-DMRG exploits
this by compressing and refining these cor-
relations into a tensor-network representation
of fixed bond dimension, effectively accessing
states that would otherwise require larger clas-
sical resources.

A key structural property of QB-DMRG is
that it cannot underperform classical DMRG at
matched bond dimension, since its variational
class contains all states accessible to DMRG at
the same bond dimension. It therefore recovers
the classical result in the worst case, while al-
lowing strictly lower energies when the quantum
reference state provides additional useful corre-
lations. The computational cost follows from
this hybrid structure: contraction scales lin-
early in the number of measurement shots, while
tensor-network optimization scales polynomi-
ally in system size and bond dimension, so that
the overall cost remains polynomial for polyno-

mial shot counts. The comparison with classical
DMRG is thus governed by the bond dimen-
sion required to reach a given energy. Classical
DMRG must increase bond dimension to cap-
ture additional correlation, leading to rapidly
growing cost, whereas QB-DMRG can achieve
comparable or lower energies at fixed bond di-
mension by incorporating quantum-generated
correlations, corresponding to an effective in-
crease in representational power without in-
creasing classical resources.

An important consequence is that QB-DMRG
avoids the scaling limitations of conventional
error mitigation. Rather than reconstructing
noiseless expectation values, which incurs ex-
ponential overhead, it uses quantum measure-
ment data directly within a variational opti-
mization. Its performance therefore does not de-
pend on achieving chemistry-grade accuracy at
the level of raw measurements, but on the pre-
pared state having non-negligible overlap with
the target state and capturing relevant entan-
glement structure. Under these conditions, the
optimization can incorporate quantum informa-
tion to produce lower-energy states within the
fixed bond-dimension ansatz. Together with the
previous stages, this yields a consistent scal-
ing picture: circuit preparation remains polyno-
mial while maintaining high overlap, measure-
ment cost is controlled through variance opti-
mization, and post-processing remains polyno-
mial while enabling improvements over classical
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Figure 7: Conceptual illustration of the QB-DMRG workflow. A low-depth quantum circuit prepares a
correlated state with large effective bond dimension. Informationally complete measurements produce a
quasistate, an unbiased finite-shot estimator of the quantum state, capturing this correlation structure.
QB-DMRG learns a tensor-network map that transforms this quasistate into a refined state within a
fixed bond-dimension ansatz, effectively compressing quantum-generated correlations into a classically

tractable representation.

tensor-network methods at fixed bond dimen-
sion, providing a concrete route toward quan-
tum advantage in strongly correlated quantum
chemistry.

7.5 Towards Quantum Enhance-
ment of Tensor-Network

Methods

A central objective of Wellcome Leap’s Q4Bio
program is to determine whether quantum com-
puting can meaningfully impact biology and
health in the near term by improving real com-
putational workflows. In this context, the rel-
evant question is not whether quantum devices
can outperform classical methods on synthetic
benchmarks, but whether they can provide mea-
surable benefit when combined with state-of-
the-art techniques used in practice.

In this work, we address this question for
strongly correlated electronic structure calcu-
lations, where tensor-network methods such as
DMRG define the classical state of the art. Al-
gorithmiq’s hybrid approach, comprising state
preparation, informationally complete measure-
ments, and QB-DMRG, is designed to augment
these methods by incorporating information ob-
tained from quantum hardware directly into the
tensor-network optimization.

To test this idea, we executed circuits pre-

pared using the ADAPT-VMPE procedure on
IBM’s ibm_cleveland quantum processor (156
qubits, heavy-hex topology). Measurement data
were collected using informationally complete,
locally biased POVMs, producing quasistates—
unbiased finite-shot estimators of the prepared
quantum states. These data serve as input to
the QB-DMRG optimization, which refines the
tensor-network state at fixed bond dimension.

The central observation is that, for a 52-qubit
active-space instance of the TLD1433 Hamil-
tonian (see Fig. , QB-DMRG produces en-
ergies lower than those obtained by classical
DMRG at the same bond dimension. Since both
methods operate under similar classical resource
constraints, determined by the bond dimen-
sion, this establishes that quantum-generated
data can directly improve a leading classical
electronic-structure method.

The mechanism underlying this improvement
is clear. Classical DMRG encodes correlations
through bond dimension, and restricting this di-
mension limits the entanglement that can be
represented. In contrast, the quantum circuit
prepares a correlated many-body state whose
effective bond dimension grows with circuit
depth. Measurement samples therefore contain
correlation information that is inaccessible to
classical tensor networks at the same bond di-
mension. QB-DMRG incorporates this infor-
mation into the variational optimization, effec-
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Figure 8: Algorithmiq’s hybrid pipeline improves
over classical DMRG at given bond dimension. En-
ergy obtained during sequential QB-DMRG opti-
mization (sweeps) for a 52-qubit active-space in-
stance of TLD1433. The reference quantum state
was prepared using an ADAPT-VMPE circuit and
sampled on quantum hardware, producing quasis-
tates (unbiased finite-shot estimators of the state)
used as input to the tensor-network optimization.
The horizontal lines indicate classical DMRG ener-
gies at increasing bond dimensions. QB-DMRG in-
corporates quantum-generated correlation informa-
tion and lowers the energy below the corresponding
classical DMRG values at fixed bond dimension.

tively extending the representational power of
the tensor-network ansatz without increasing its
classical cost.

At the same time, these results should be
interpreted in the appropriate regime. Classi-
cal DMRG remains more powerful when uncon-
strained resources are available, and increasing
bond dimension will eventually recover the same
correlations. The significance of the present re-
sult lies instead in the regime where bond di-
mension becomes the limiting resource. In this
regime, quantum-generated data can provide ac-
cess to correlations that are otherwise inacces-
sible at comparable classical cost.

These results provide a concrete step toward
the Q4Bio objective: demonstrating that quan-
tum hardware can contribute to scientifically
relevant workflows by enhancing state-of-the-
art classical methods. Rather than demonstrat-
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Figure 9: Scaling of the error with respect to
the reference ground state as a function of sys-
tem size in different frameworks. Algorithmiq’s hy-
brid pipeline (ADAPT-VMPE + QB-DMRG), us-
ing measurement data obtained from circuits exe-
cuted on ibm_cleveland, is compared against clas-
sical DMRG. The methods are evaluated with dif-
ferent bond dimension (BD) as indicated in the
plot.

ing advantage in isolation, this work establishes
a pathway toward useful quantum advantage
through tightly integrated hybrid algorithms.

8 Road to Practical Quan-
tum Advantage for PDT

Our view is that practical quantum advantage
in chemistry will not emerge as a single dra-
matic crossover, but rather as a sequence of
capability thresholds, each expanding the class
of problems that can be addressed in practice.
In this context, there is a clear need for a
community-driven effort, analogous to existing
quantum advantage trackers [46], to systemati-
cally benchmark progress against the strongest
classical methods under realistic resource as-
sumptions [6].

In this spirit, we analyze the scaling of the
error with respect to the reference ground state
for Algorithmiq’s hybrid framework, using hard-
ware runs for up to 100 qubits, against a classi-
cal benchmark (Fig. @ In the figure, Algorith-
miq’s hybrid pipeline (ADAPT-VMPE + QB-
DMRG) is evaluated at limited bond dimension.
We observe that Algorithmiq’s pipeline exhibits
a noticeably favorable scaling against its natural
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classical benchmark: classical DMRG requires a
significant increase in bond dimension to match
the hybrid pipeline’s results as system size in-
creases.

For PDT, a first critical milestone is reach-
ing chemically relevant active spaces at the 100-
qubit scale. This required large-scale develop-
ment of the full hybrid pipeline, including circuit
generation, measurement, and post-processing,
together with improvements in robustness and
efficiency. The results presented here show that
this regime is already within reach, with en-
couraging scaling behavior observed across all
components of the workflow. Beyond system
size alone, PDT design depends on a broader
set of quantities than ground-state energies, in-
cluding transition dipoles, intersystem crossing
pathways, and excited-state redox energetics.
Extending the present framework to multi-state
QB-DMRG and map-based property extraction
therefore provides a pathway to compute these
properties at scale, moving from energy estima-
tion toward predictive modeling of photophysi-
cal processes.

The ultimate impact of quantum computing
in PDT will be realized when it becomes part
of a closed discovery loop. We have already
demonstrated an Al-guided screening frame-
work for Type I PDT agents (see Ref. 47)), com-
bining high-fidelity quantum-chemical data with
active learning over large chemical spaces, in-
cluding million-scale libraries of transition metal
complexes. Notably, even at the level of clas-
sical quantum chemistry, this pipeline already
provides useful input to the PDT drug discov-
ery process by identifying promising candidates
and structure—property relationships. In this
setting, quantum methods act as a source of
higher-fidelity data in regimes where classical
methods become unreliable or prohibitively ex-
pensive. As quantum chemistry calculations be-
come more accurate through hybrid quantum-
classical approaches, they can be directly inte-
grated into this discovery pipeline, further im-
proving model accuracy and enabling the explo-
ration of chemical space beyond the reach of cur-
rent methods. The value of practical quantum
advantage is therefore not only in improving in-
dividual computations, but in enabling the de-
sign of new molecules by systematically expand-
ing what can be predicted reliably.

Beyond Q4Bio, we expect this hybrid stack to
generalize across a broader class of photochemi-
cal and materials discovery problems, including
OLEDs [48], photocatalysis [49,/50], and solar-
energy conversion [51-53]. In the longer term, as
fault-tolerant quantum hardware becomes avail-
able, the same framework is expected to play a
complementary role. Near-term methods pro-
vide scalable state preparation and validation
tools, which can serve as initialization and veri-
fication layers for fault-tolerant algorithms such
as quantum phase estimation. In this way, the
present approach not only addresses near-term
applications, but also forms a bridge toward the
fault-tolerant regime.
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